I. INTRODUCTION

S
ENSIBLE heat flux (SHF) is the process by which heat energy is transferred from the Earth's surface to the atmosphere by conduction and convection; it is a critical indicator for understanding heat exchange at the land-atmosphere interface. Many applications in meteorology, climatology, hydrology, and agriculture require estimates of SHF [1] . Currently, common methods for estimating SHF at the local, regional, and global scales can be categorized by one of four types. The first type uses remote sensing data [2] , and the second makes use of ground observations [3] . The third and fourth types use land surface modeling and land data assimilation, respectively [4] . Such SHFs observed or estimated by these different methods might have different spatial supports. The issue of different spatial supports causes scaling conversion, which can occur in the same or different groups, for the purpose of validation, cross-validation, comparison, or subsequent analysis [5] . For example, for ground observations, the measurements of SHF commonly include the Bowen ratio, eddy correlation (EC), and lysimeter [6] , [7] . These approaches can observe fluxes at ten to tens of thousands of square meters around a station.
This letter focuses on scaling conversions of SHF ground observations, particularly upscaling from EC to large aperture scintillometer (LAS) supports. In particular, LAS measurements are integrated over a long transect of approximately 500-5000 m from the same or different underlying surfaces, whereas EC measurements are normally a few to hundreds of meters [1] , [8] - [14] . Compared with the support provided by LAS, EC support can be considered over a small area. Both supports change with time, and their shapes are irregular. More often, area-weighted [1] , [15] and footprint-weighted [16] methods are used to investigate the scaling issue, with reasonable results. However, implementing these methods commonly involves physical process models or prior knowledge, which requires that the user is familiar with these. These methods do not consider spatial heterogeneity over complex terrain and only provide approximations as irregular footprints [4] . In the geostatistics field, upscaling EC observations to LAS support can be handled by a method called area-to-area kriging (ATAK) [17] - [21] , which considers the spatial autocorrelation and supports of areal data to obtain the best linear unbiased estimation. However, different underlying surfaces produce different SHFs, which might lead to the nonstationarity of a random function. So it is not reasonable to upscale directly with ATAK. Because covariates contain information about the dependent variable, regression kriging [22] can produce more accurate predictions than ordinary kriging. Moreover, an assumption of stationarity for the regression kriging residual is usually more realistic than an assumption of stationarity for the target variable itself. Therefore, we propose to initially use a regression approach with environmental variables related to SHF and then apply ATAK to the residuals. This method is termed area-to-area regression kriging (ATARK). It is applied to the Heihe Watershed Allied Telemetry Experimental Research (HiWATER) experiment. HiWATER was launched by the National Natural Science Foundation of China in 2010 [8] - [10] , [23] to validate remote sensing models, algorithms, and products. Furthermore, the Multi-scale Observation Experiment on Evapotranspiration over the heterogeneous land surfaces of HiWATER was undertaken from May to September 2012 [8] , [10] .
II. MATERIALS AND METHODS
A. Study Area and Data Description
The Heihe River basin lies in an arid region of northwestern China. It was selected as an experimental watershed for conducting HiWATER because it is a typical inland river basin that has long served as a test region for integrated watershed studies and land surface or hydrologic experiments [23] . The study area here is the Yingke-Daman irrigation district (see Fig. 1 ) in the middle reaches of the Heihe River. This district is between 38
• 50 -38
• 54 N and 100 • 19 -100
• 24 E. The terrain slopes gently downward from west to east, with elevations ranging from 1560 to 1447 m. Cornfields cover most of the area, but land cover also includes buildings, roads, orchards, greenhouses, forests, and other vegetation. The core experimental area covers a roughly 5.5 by 5.5 km region, centered near 100
• 22 E, 38
• 52 N. There were four LAS system groups (eight sets, with two sets in each group) installed within 3×3 and 2×1 Moderate Resolution Imaging Spectroradiometer pixels, and 17 EC systems are installed within the core experimental area. Details concerning specific performances and intercomparisons are found in [9] . Spatial distributions of EC and LAS systems are shown in Fig. 1 : EC1 is in a vegetable field, EC4 is on building ground, EC17 is in an orchard, and the others are in cornfields. Different underlying surfaces produce different SHFs, particularly in daylight. SHF observed on building ground is much greater than SHFs observed in fields (see Fig. 2 ). EC footprints were calculated with a Eulerian analytic flux footprint model [24] , whereas LAS footprints were calculated by combining the path-weighting function of LAS [12] with a Eulerian analytic flux footprint model [10] , [25] . Footprints will change over time because they are affected by such factors as instrument height, atmospheric stability, wind speed, and wind direction. The small circles in Fig. 1 represent the source areas (the size and extent of footprints) of EC, and the large circles covering different underlying surfaces represent the source areas of LAS. The total flux contribution of the chosen total source area was set at 95%. Our objective is to upscale SHF from EC support to LAS support and then make a comparison with the observations of LAS.
Data used include the mean values of SHF observations and footprints of 17 EC and 4 LAS between 12:00 and 12:30 Beijing standard time (BST) and the mean values of wind speed observations of 17 EC between 12:00 and 12:30 BST. These EC and LAS data were preprocessed. Corresponding methods and quality control procedures are given in [25] . Land Surface Temperature (LST), Normalized Difference Vegetation Index (NDVI), and Fractional Vegetation Cover (FVC) of the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) product [26] are from about 12:15 BST. We chose observations from nine periods, i.e., June 15, June 24, July 10, August 2, August 11, August 18, August 27, September 3, and September 12, 2012, when the weather was clear and ASTER satellite passes were available for the study area. The resulting remote sensing images captured on these days had high quality.
B. Area-to-Area Regression Kriging
The ATARK rescaling procedure was divided into four steps according to the situation in our study area.
Step 1. Trend Modeling: We first extract the auxiliary environmental variables using the footprints of 17 EC systems from nine periods. Then, a linear multiple regression model is established
where H it is the SHF of the ith EC during the tth period and F V C it , LST it , NDV I it , and W S it are auxiliary environmental variables extracted by the ith EC footprints during the tth period. We can achieve full coverage of wind speed over the study area using simple interpolation such as ordinary kriging.
Stepwise regression would be adopted in case of collinearity.
Step 2. Derivation of Point Variogram: After the regression procedure, we obtained 17 residuals (EC support) and one SHF trend for each period. Based on the assumption of stationarity, residuals of LAS support can be estimated with ATAK. Before the application of ATAK, the most important-and difficult-procedure is to calculate the point support covariance, or equivalently the point support variogram, of the residuals. One popular method is the deconvolution procedure [27] , which can derive a point support variogram based on the variogram calculated by the areal observations using their centroids. Because only 17 EC support residuals are available during a single period, the centroid-based variogram would be unstable, which could cause unreliable deconvolution results. In this letter, we use restricted maximum likelihood (REML) estimation to assess the point support variogram. The solution is to assume the second-order stationarity of the residual at the point support and use four parameters (nugget, sill, range, and shape parameters) to characterize a Matérn variogram [28] . After that, we can calculate the area-to-area covariance of the EC support usinḡ Fig. 3 . Area-to-area covariance between any two areas.
whereC(v i , v j ) is the area-to-area covariance between any two areas v i and v j (see Fig. 3) . N (v i ) and N (v j ) are the number of points used to discretize the two areas v i and v j , respectively. Fig. 3 is just a sketch map. In practice, there are many more points to be used to discretize the areas. Equation (2) means thatC(v i , v j ) is computed between any two points discretizing the areas v i and v j .
Assuming that the target variable follows a normal distribution and θ is the vector of four parameters of the Matérn variogram, the likelihood function conditioning on the EC support residuals is given by
whereZ v corresponds to 17 EC support residuals and C vv is the area-to-area covariance matrix calculated using (2) . With the aforementioned equation, we can derive the point support variogram model. Next, ATAK will be used to upscale the residuals from EC support to LAS support.
Step 3. Prediction and Error Variance of Residual at LAS Support:
Assuming the second-order stationary of the residual, the ATAK value over v 0 was estimated as a linear combination of K neighboring units
where v 0 is the unknown area support to be estimated and v i is the area support of the regression residual. In this letter, v 0 and v i represent the supports of LAS and EC, respectively. λ i (v 0 ) is the weight assigned to z(v i ) for the prediction at v 0 . The K weights are the solution of the following system of linear equations:
The ATAK prediction error variance for v 0 is computed as Step 4. Obtaining the Estimation: Finally, the estimated value of LAS supports can be obtained by adding the regression estimations (step 2) to the ATAK results (step 3).
III. RESULTS AND DISCUSSION
Based on the data and methods described in Section II, environmental variables were extracted using EC footprints. A stepwise procedure was used for selecting environmental variables, and the regression models and regression coefficients were tested for significance. As shown in Table I , most of the regression coefficients and models are considered significant. The symbol "-" means that the variable has been excluded from the regression model by the stepwise method.
To derive a point support variogram in step 2, EC source areas must be discretized first. Then, using (2) and (3), the point support variograms of SHF residuals at nine periods were estimated using REML (see Fig. 4 ).
Although a point support variogram is estimated using REML here, Goovaerts [27] , Truong and Heuvelink [28] , and Nagle et al. [29] have pointed out that area support observations retain little information to infer the nugget component of a point support variogram. Fortunately, area-to-area covariance will not be influenced by the nugget variance because nugget variability cancels out for both areas. With the point variogram models available, SHF estimations of LAS supports were derived according to steps 3 and 4. A comparison of SHF observations and estimations of LAS supports is shown in Fig. 5 .
Assuming no uncertainty in the regression trend of SHF, ATAK prediction error variances of LAS support were calculated and showed as a 95% confidence interval. The dashed lines are models forced to pass through the origin and fit to the points. The results of upscaling for LAS1, LAS2, and LAS4 are close to these observations, with coefficients of determination larger than 0.89 and the slope of the dashed line close to 1. One of the main reasons is that the underlying surfaces of LAS1, LAS2, and LAS4 are relatively homogeneous, which means that the SHF observations of EC and LAS are similar. However, LAS3 was obviously underestimated. Although the coefficient of determination was greater than 0.8, the slope of the dashed line was less than 0.79. All of the upscaling results for LAS3 were smaller than the observations. The main reason for this is that the underlying surface of LAS3 is more complex, particularly with more buildings within the source area, which produced higher SHF observations, but the EC systems could not capture completely. Meanwhile this higher SHF contributed a lot and could be observed by LAS3. These smaller measurements from the EC systems might cause underestimations in the regression step and then lead to smaller upscaling results than the LAS3 measurements.
IV. CONCLUSION
Because the accuracy of different SHF measuring methods can be assessed by scaling issues, upscaling ground-based SHF measurements is of great importance for the validation, cross-validation, comparison, or subsequent analysis of these methods. In this letter, the ATARK method has been presented as a way to upscale SHF from EC support to LAS support. The method has been illustrated using data from the HiWATER experiment to upscale 17 EC SHFs to LAS supports. By incorporating environmental covariates in the regression procedure, ATARK can produce more accurate predictions, and the assumption of stationarity of regression residuals is more realistic. The comparison between SHF estimations and observations of LAS supports testifies to the suitability of ATARK as a method for upscaling, except for the underestimations caused by a highly heterogeneous underlying surface.
